The classical method in geophysical inversion that uses gradient calculation (e.g., R. L. Parker, 1972; Oldenburg, 1974) may yield results trapped in a local minimum and thus biased by the assumed initial model (e.g., Camacho et al., 2002; Silva et al., 2002) . With the advent of fast computers, alternative methods based upon a stochastic approach, such as the genetic algorithm, have become popular.
The genetic algorithm is designed for solving a variety of optimization problems. It is a stochastic search technique that imposes the Darwinian principle of survival of the fittest in biological evolution on a population of individual models. The main feature is to assign higher probabilities of reproduction to the individual models with better fit to produce better solutions. A large number of initial models are first generated. Each model consists of a series of chromosomes, with each chromosome representing a cell within the model mesh. When prior information is not available, the starting population may be randomly initialized. These models are evaluated according to a set of given constraints and are allowed to evolve by the principle of natural selection through many generations. The method is robust and effective in finding optimal models that satisfy the given constraints, and it provides a global search in the model space for all acceptable models (Goldberg and Richardson, 1987; Goldberg, 1989; Shi, 1992; B. P. Parker, 1999) . Furthermore, it may be adaptable to parallel processing to increase computational efficiency.
Even with the power of today's computers, the application of the genetic algorithm to geophysical inversion in complex geologic regions is limited by available computer resources. Two factors contribute to the genetic algorithm's demand on computer resources: (1) the large number of parameters needed to maximize the resolution of the model and (2) the amount of computation required in the forward calculation to evaluate the objective function of each individual model. For complex geologic regions, the required computer time in the forward computation may become so substantial to render the application of the genetic algorithm impractical. Cai and Wang (personal communication, 2003) have used a new finite-element approach to significantly improve the efficiency in the forward computation. Here, we exploit these aspects of the genetic algorithm with parallel processing in the gravity inversion of the 3D subsurface density structure, and we illustrate this method by applying it to the study of the crust in central Taiwan.
METHOD

Forward calculation
In a Cartesian coordinate system, the general 3D expression for calculating the gravity anomaly (along the z-axis) resulting from subsurface anomalous masses is
where G is the gravitational constant, V the subsurface region of interest, ρ the anomalous density with respect to some reference density (x, y, z) and (ξ, η, ζ )-the coordinates of the field station and the anomalous density. Approximate expressions for direct integration based on expression (1) have been developed for 2D bodies (e.g., Talwani et al., 1959) and 3D bodies in Cartesian coordinates (e.g., Blakely, 1995) and in spherical coordinates (Johnson and Litehiser, 1972) .
Alternatively, one may calculate the gravity anomaly by solving the following Poisson's differential equation for the gravitational potential φ with appropriate boundary conditions,
and then applying the relation
In assigning the boundary conditions, one would ideally assign φ = 0 at infinite distance. In numerical analysis, however, one may approximate this condition by surrounding the source region with many empty layers (i.e., ρ = 0) and assigning φ = 0 on the outermost boundary of the empty layers. Equation (2) has the same form as the differential equations in many field problems such as heat flow, diffusion, and groundwater flow. Hence, many numerical techniques, such as the finite-element method, may be used in gravity modeling of subsurface density in regions with complex structures. The finite-element method has been widely used in engineering analyses and discussed in many textbooks (e.g., Zienkiewicz and Taylor, 1989; Bathe, 1996) . Briefly, the method begins with the discretization of the region of study into small elements; the continuum solution is then replaced by discrete and approximate solutions at the element nodes, i.e., φ 1 , φ 2 , . . . , φ n , where n is the total number of element nodes. The governing equation (2) may then be transformed to a set of linear algebraic equations (Zienkiewicz and Taylor, 1988, p. 264) :
where
Here, N is an interpolation vector (or the shape function in finite-element terminology) of the element, which is a function of position only; ∇ is the gradient operator vector; e denotes the element number; m denotes the total number of elements; V e is the volume of the element e; and ρ (x, y, z) is the density distribution in the element, interpolated from the densities on the element nodes. Since the K matrix is a function of the shape function and the finite-element grid, which do not change throughout the gravity modeling, it can be computed once, stored, and used in all forward computations. In essence, the finite-element procedure reduces the second-order partial differential equation (2) to a set of algebraic equations (4). Solving equation (4) we get φ i ; applying equation (3), we get the gravity anomaly.
Inverse modeling with parallel genetic algorithm
At the start of the genetic algorithm cycle, random values are assigned to the strings in all models of a generation. The models evolve through three basic processes: reproduction, crossover, and mutation. Models are selected according to their fitness, evaluated with a misfit function discussed below. Selected models are paired into parents and are allowed to generate offsprings. Crossover involves the partial exchange of model characteristics, and mutation involves the occasional random alteration of the value at a string position. Both crossover and mutation enrich the diversity in the genetic pool. In particular, mutation prevents early convergence by introducing new genes into the population, essentially expanding the gene pool and allowing other regions of the solution space to be explored. Finally, the offspring are evaluated for their fitness. Once these values have been assigned, the offspring are placed back into the population, often replacing their parents, to create the next generation of potential solutions. Once the new generation is created, the genetic algorithm cycle is repeated. The process is continued until convergence is achieved.
The rate of convergence in the genetic algorithm depends on the population size in a generation and the rates of crossover and mutation. The population size, crossover rate, and mutation rate are problem dependent and may be varied according to the performance of the genetic algorithm. Numerical experiments by other authors (Goldberg, 1989; Shi, 1992; Parker, 1999) suggest that, for best results, the population size should be between 32 and 128, the crossover rate between 0.8 and 1, and the mutation rate between 0.001 and 0.02.
Several misfit functions may be used; each has some advantages and some disadvantages (e.g., Hjelt, 1992) . A widely used function is the sum of the squares of the misfit (e.g., Mansanne and Schoenauer, 2002) 
where g o i and g c i are, respectively, the observed and the calculated gravity anomalies at the ith gravity station and n is the total number of gravity stations. For this study we choose to use the square root of this function, i.e.,
The relative fitness among the models in a given generation is used as an index for assigning the relative chance of survival among the models. For geophysical problems with a very large number of parameters, we may divide the subsurface region into N subregions and apply parallel processing to the subregions. To ensure a broad spectrum of solutions from the subregions, a loose constraint may be used at this stage. The best models from the subregions are then reassembled in a final search with a tighter constraint. Numerical experiments show that the parallel process so described improves the computational efficiency by a factor of ∼N .
We carry out a numerical experiment to verify whether the genetic algorithm procedure may effectively recover the subsurface masses from gravity anomaly data. We first form an arbitrary mass in the subsurface and calculate its gravity anomaly; we then use the calculated gravity anomaly as the synthetic data in the genetic algorithm inversion to reconstruct the subsurface mass. To this end, we build a finite-element grid to represent a subsurface inverted pyramid of 21 × 21 km 2 in area and 12 km in depth ( Figure 1a ). The grid has 5292 cubic finite-element elements, each 1 × 1 × 1 km 3 in size; a uniform density of 1000 kg/m 3 is assigned to each element. The gravity anomaly calculated from this mass is shown in Figure 1b and is taken as the data in the inverse problem. In the genetic algorithm inversion, we assume that the density contrast is known and that the depth and the thickness of the layer in which the mass is embedded are given. We start by randomly assigning a density of either 0 or 1000 kg/m 3 to the elements in the layer and use a population size of 32, a crossover rate of 0.9, and a mutation rate of 0.001.
The inverted mass body is shown in Figure 1c ; the calculated gravity for the inverted mass body is shown in Figure 1d . Comparing Figures 1a and 1c, we see that the genetic algorithm inversion has effectively recovered the subsurface mass. The difference between Figures 1a and 1c is given in Figure 1e ; it shows two small pieces of the original mass are missing from the inverted mass. These missing pieces occur deep within the mass where the resolving power of the gravity data is relatively low. The difference between Figures 1b and 1d is given in Figure 1f , which shows that the amplitude of the difference between the calculated gravity of the inverted mass and the synthetic data is about 1.5 × 10 −5 m/s 2 (i.e., 1.5 mGal), or 2.5% of the amplitude of the gravity in the synthetic data. We conclude that the genetic algorithm inversion of gravity data may be an effective means of finding the subsurface masses if correct specifications are given on the density contrast between the mass and its surroundings and on the depth of the layer in which the mass is embedded.
APPLICATION TO CENTRAL TAIWAN
As an example, we apply the genetic algorithm gravity inversion to central Taiwan, a geologically complex region. We first summarize the relevant geologic and geophysical information. From this information we construct an initial density model and calculate its gravity anomaly. The differences between the calculated and the observed anomalies are used in calculating the misfit function (9), which in turn is used in the genetic algorithm inversion. Finally, we present and discuss the results of the inversion.
Geologic setting
Taiwan is a mountainous island that rises locally to ∼4 km. It was formed after the late Cenozoic, with the oblique collision between the Luzon volcanic arc on the Philippine Sea plate and the China continental margin (Teng, 1990) . The location of the collision has migrated from north to south (Suppe, 1987) , with the suture zone marked by the Longitudinal Valley (Figure 2) . The prevailing structural trend in Taiwan is that of an elongated arc convex to the west. Several structural belts have been differentiated. These are, from west to east, the coastal plain, floored by a pre-Tertiary block-faulted basement and covered by flat-lying Cenozoic sedimentary sequences (Teng 1990 ); the Figure 1 . (a) Finite-element grid for a subsurface region in which a mass in the shape of an inverted pyramid is implemented. The base of the pyramid, with a surface area of 5 × 5 km 2 , is at a depth of 1 km, the height of the pyramid is 3 km, and the density of the pyramid is 1000 kg/m 3 . Density elsewhere is zero. (b) Calculated gravity for the mass. This is used as the synthetic data in the genetic algorithm inversion. western foothills, consisting of a fold-and-thrust belt of sedimentary rocks; the Western Central Range, consisting of slates; the Eastern Central Range, pre-Tertiary schists and metamorphic limestone (Ho, 1988) ; and the Coastal Range along the eastern margin of the island, representing the deformed and uplifted Luzon arc (Ho, 1988) . Northeast of Taiwan, the Philippine Sea plate subducts northward beneath the Ryukyu arc-trench system (Teng, 1990) . South of Taiwan, the oceanic crust of the South China Sea is subducting eastward beneath the Philippine Sea plate at the Luzon arc . In this study we focus on the central section of Taiwan (Figure 2 ) away from the subduction zones.
Geophysical constraints
Three-dimensional tomographic P-wave velocity structures for Taiwan have been published by Rau and Wu (1995) and Cheng (2000) . Since the density and the seismic wave velocity of crustal rocks are closely related (e.g., Birch, 1961; Christensen and Mooney, 1995) , it is reasonable to construct an initial density model for the crust from the available seismic velocity. In this study we use Cheng's tomographic velocity model because it was specifically designed for central Taiwan. The model was based on a simultaneous inversion of 24 230 P-wave traveltimes from 2582 events, as recorded by the Taiwan Central Weather Bureau's seismic network. Application of a checkerboard test (Humphreys and Clayton, 1988) showed good resolution at a grid spacing of 10 km (Cheng, 2000) .
This velocity model is converted to an initial density model by using an empirical relationship between velocity and density. The latter is obtained by fitting the experimental data presented in Dobrin and Savit (1988) for both crystalline and sedimentary rocks at V p ≤ 2 km/s:
where ρ is density in 10 −3 kg/m 3 and V p is the P-wave velocity in kilometers per second. Equation (10) relation by Christensen and Mooney (1995) that is specific for crystalline rocks, but equation (10) can also be applied to sedimentary rocks, which are important for this study. The resulting density model is given in Figure 3 . Since Cheng's velocity model is restricted in the upper 34 km, the initial density model is also restricted in the upper 34 km.
The published Bouguer gravity anomaly of Taiwan (Yen et al., 1995) is used in the present genetic algorithm inversion. The gravity data were based on more than 600 evenly distributed measurements over the island, with an average distance of 7 km between the stations. Estimated error, including instrumental drift, tidal disturbances, and points of gravity measurements in the terrain corrections in mountainous areas, is ±2.5 × 10 −5 m/s 2 (i.e., 2.5 mGal) (Tsai, 1999) . The determination of the regional trend in the gravity data is highly subjective and is a topic of current debate (e.g., Camacho et al., 2002) . Generally, the regional trend is given by the lower frequency components in the gravity data and represents the deeper density effect. After filtering out the lower frequencies, the remaining data represent the density in the crust. We experimented with different polynomials and found that, even though the magnitude of the anomaly changed with different polynomial fits, the major character in the gravity anomaly remained unchanged. In the study we used the simplest correction, i.e., removal of the linear trend from the original data. The resulting Bouguer gravity anomaly (Figure 4a) shows an elongated area of minimum gravity that lies along the boundary between the Western Central Range and the Western Foothills.
Next we remove the effect of the known structures from the gravity anomaly. The contribution of the initial density model to the gravity anomaly is calculated with the finite-element method, as described earlier. We represent the crustal block in central Taiwan by a finite-element mesh of 76 500 elements, each 2 × 2 × 2 km 3 in size. Since the average density does not contribute to gravity anomaly, we subtract the average density of each horizontal layer from the initial density model, leaving only the density difference. The calculated gravity anomaly for the density model is presented in Figure 4b . It shows negative values on the western side of the island, reflecting the relatively low density of the sedimentary rocks, and positive values on the eastern side, reflecting the relatively higher density of the metamorphic rocks and the crystalline basement.
Subtracting the contribution from the upper 34 km (Figure 4b ) from the gravity anomaly in Figure 4a , we have the residual anomaly, as shown in Figure 4c . Subtracting the contribution of the upper 34 km from the Bouguer gravity anomaly shifts the location of the gravity minimum eastward, from the boundary between the Western Central Range and the Western Foothills (Figure 4a ) to the axis of the Western Central Range and the Eastern Central Range in the north (Figure 4c) . The most interesting feature in Figure 4c is an elongated arc of negative gravity anomaly that runs along the axis of the ranges. This anomaly must be from an unknown structure not represented in Cheng's tomographic seismic velocity; it thus provides the basic data for geophysical inversion.
GENETIC ALGORITHM INVERSION AND RESULTS
Because of the trade-off between density contrast and depth in gravity modeling, an infinite number of models may satisfy the gravity data. We use the misfit function in the model space Figure 4 . (a) Bouguer gravity anomaly of the study area, after removal of linear regional trends from the data (Yen et al., 1995) , overlaid on outlines of major structure units of Taiwan. to guide the genetic algorithm inversion in search of the best models for the crustal density structure in central Taiwan. Two end-member cases are considered in this study: In the first case, we assume that the residual gravity anomaly is attributable to the undulations of the Moho below 34 km, creating a laterally heterogeneous mass distribution. In the second case, we assume that the density below 34 km is laterally uniform and the residual gravity anomaly is the result of a density structure in the upper 34 km, not represented in the initial density model. In each case, it is important not only to find a solution but also to know the shape of the misfit function in the model space near the solution. By fixing all parameters except one and changing the unfixed parameters, we can calculate the corresponding changes in the misfit function (5). By plotting the misfit function against the parameter, we can determine whether the local minimum is located in a deep well or in a gentle valley. If it is in a deep well, the solution is good at least near this point. If, instead, it is in a gentle valley, then the data have low resolution for the parameter near this point. This approach does not solve the problem of uniqueness in the inversion, but at least we can get some insight to the nature of the local minimums.
To increase the computational efficiency, we divide the study region into 20 subregions ( Figure 5 ) and apply the genetic algorithm to the subregions in parallel. Relevant gravity measurements that fall immediately outside of the boundary of the study area (<10 km) are included in the inversion. The best models from the subregions are then assembled in a complete search. As before, we choose a population size of 32 models, a crossover rate of 0.9, and a mutation rate of 0.001.
Case 1: Moho undulations
Here we invert the gravity data to determine the Moho undulation below 34 km, assuming that the density in the upper 34 km is fixed by the initial model. If we choose the mantle density as the reference in the inversion, the crustal densities will appear negative and the residual anomaly in Figure 4c will shift toward negative by a constant value. The magnitude of this density contrast shift is a function of the depth of the Moho. If the Moho undulation occurs immediately beneath 34 km, this negative shift is 65 × 10 −5 m/s 2 ; the resulting anomaly is shown in Figure 4d .
The density contrast across the Moho must be determined. Because of the trade-off between density contrast and Moho Figure 5 . Subdivisions of the study region into columns for parallel genetic algorithm inversion (see text for detail). Numbers in each square mark the number of gravity measurements used in parallel inversion for density in the respective column. depth, we determine the density contrast by examining the shape of the misfit function in the model space of the two variables: the Moho density contrast and the maximum Moho depth (Figure 6 ). We construct the configuration of the misfit function by independently changing the Moho density contrast from 200 to 600 kg/m 3 , at steps of 100 kg/m 3 , and the maximum Moho depth from 40 to 70 km, at steps of 5 km. To save computer time, we use only ten model generations for each point in the model space. The misfit function so constructed (Figure 6 ) shows an elongated belt of relative minimum. Two isolated minimums occur within this belt: one at a density contrast of 500 kg/m 3 and a maximum depth of 50 km (model M500), and the other at a density contrast of 400 kg/m 3 and a maximum depth of 60 km (model M400). Since the topography of the model space around the two minimums is similar, we consider both cases in the genetic algorithm search. In each case we let the search to go through 100 generations to arrive at a stable solution. Following Silva et al. (2002) , we confine the search to the class of compact bodies without holes and complex protrusions (i.e., saw-toothed zigzags on a surface). Protrusions are avoided on the model Moho by requesting
where H is the Moho depth of the current model. Holes are avoided by requesting that any hole created be filled by the density of the adjacent elements. The revised model is placed back in the genetic algorithm selection process to create the next generation of models.
The average misfits for models M400 and M500 are 3.35 × 10 −5 and 3.65 × 10 −5 m/s 2 (i.e., 3.35 and 3.65 mGal), respectively. The inverted Moho depth for the two models is overlaid on the outlines of the major structural units in Taiwan root trending north-northeast-south-southwest beneath the Western Central Range at latitudes below 24
• N; these turn northeastward at higher latitudes toward the Eastern Central Range. The calculated gravity anomaly for the two models is given in Figures 8a and 8c , and the difference between the calculated gravity anomaly and the anomaly in Figure 4d are given in Figures 8b and 8d , respectively. Figures 8a and 8c show that both inverted models have recovered the most important feature in the residual gravity anomaly, i.e., an elongated arc of negative gravity anomaly along the Western and Eastern Central Ranges. Figures 8b and 8d show that the maximum difference between the calculated anomaly and the anomaly in Figure 4d is ∼5 × 10 −5 m/s 2 (i.e., ∼5 mGal).
Case 2: Density difference in the upper 34 km
Here we assume that the residual gravity anomaly is entirely the result of density differences from the initial model in the upper 34 km, which may arise from the uncertainty in the empirical velocity-density relation and/or in the seismic velocity model. In this case, we use the genetic algorithm to determine the unaccounted density differences, assuming the density below 34 km is laterally uniform. As in the previous case, we examine the misfit function in the model space of the density difference. We construct the misfit function by allowing the density difference ρ to change from 10 to 600 kg/m 3 . The mean of the misfits of the 32 models in the last generation in the genetic algorithm inversion is plotted against the allowed density difference in Figure 9 . It shows no local minimum but a continued decline from 45 × 10 −5 m/s 2 (i.e., 45 mGal) at ρ = 10 kg/m 3 , to 25 × 10 −5 m/s 2 (i.e., 25 mGal) at ρ = 300 kg/m 3 , and to 19 × 10 −5 m/s 2 (i.e., 19 mGal) at ρ = 600 kg/m 3 . Thus, a density model in the upper 34 km could be found to satisfy the gravity data only if the allowed density contrast were increased beyond 600 kg/m 3 . However, numerical experiments show that if the density contrast equals or exceeds 100 kg/m 3 , the inverted density model begins to lose the structural integrity inherited from the seismic tomographic velocity. In other words, if we confine the density anomaly in the upper 34 km and force the model to fit the gravity data, the structural fabrics of the density model would no longer resemble that of the tomographic seismic velocity. Since the structural fabric of the tomographic seismic velocity model needs to be honored, no density model can be found to fit the anomaly if the changes are confined within the upper 34 km. 
DISCUSSION
Tomographic imaging by Rau and Wu (1995) reveals a crustal root extending to 50 km beneath the Central Ranges. Even though the root revealed by seismological means may not necessarily be the same as that revealed by gravity inversion, the seismological finding provides an independent, albeit qualitative, confirmation of the present result. Comparison between Figures 7a and 7b shows that models M400 and M500 are hardly distinguishable on the basis of gravity data alone. This indicates that the current resolving power of the gravity data is insufficient for discriminating between the two models and that independent studies would be needed.
The density contrast of 400 to 500 kg/m 3 across the Moho, predicted in this study from the minimums of the misfit function, is consistent with the available petrophysical data for the density contrast between the major rock type in the lower crust and that in the upper mantle (e.g., Birch, 1961; Christensen and Mooney, 1995) ; it is also in agreement with the results of independent gravimetric studies on the density contrast across the Moho in other parts of the world (e.g., Lefort and Agarwal, 2002) .
Both M400 and M500 show a flat Moho at a depth between 34 and 35 km, except in areas beneath the Central Ranges, in agreement with the result in a 2D model of Wu et al. (1997, their Figure 12 ). In addition, both models show that the northnortheast-trending root beneath the Western Central Range, at latitudes below 24
• N, turns clockwise towards the northeast to lie beneath the Eastern Central Range at higher latitudes. As noted earlier, a major change in the structural trend occurs in Taiwan, from a north-northeast trend in central Taiwan to a northeast trend at higher latitudes (Ho, 1988; Lu et al., 1995) . Lu and Malavieille (1994) suggest that the change in the structural trend may represent a rotation of the deformed crustal blocks around the northern tip of the Luzon arc that acts as an indenter in an oblique collision between the Philippine Sea plate and the China continental margin. This interpretation is consistent with the available stress (Lu et al., 1995) and global positioning system (GPS) measurements (Yu et al., 1997) , which show similar clockwise rotation in their principal directions. Although both the modeled crustal root and the geologic structure show similar clockwise rotations, the former turns at a lower latitude such that it crosses the boundary between the Western and the Eastern Central Ranges to lie beneath the Eastern Central Range at higher latitudes.
While this result may provide a target for future research, several factors could have contributed to uncertainty in the present result. First, the models examined above represent end-member models. In reality, density difference from the initial model may occur both above and below 34 km, and these may contribute in different proportions to the residual gravity anomaly. Second, the seismographic stations of the Central Weather Bureau seismic network used in Cheng (2000) were all located on land. Thus, the crust in the coastal area was relatively poorly sampled by seismic rays. This may lead to a relatively large uncertainty in the velocity model near the coastal area. Third, laboratory experimental error in determining velocity and density of rocks and the scatter of experimental data suggest there may be substantial uncertainty in the empirical velocity-density relationship (10) and thus considerable uncertainty in the initial density model. Finally and noted earlier, uncertainty exists in the removal of the regional trend from the gravity data. The result of numerical experiments, however, shows that this uncertainty may not change the major characteristics of the gravity anomaly, even though it may affect the magnitude of the anomaly.
The uncertainties in the seismic velocity model and in the initial density model may cause corresponding uncertainties in the calculated gravity anomaly of the initial density model, which in turn may result in an uncertainty in the residual gravity anomaly used in the genetic algorithm inversion. However, in view of the fact that the misfit function in Figure 9 does not show a local minimum in the model space of the density difference from the initial model, we believe that the uncertainties noted above may not change the conclusion of the present study that the major cause of the residual gravity anomaly is a low-density crustal root beneath the Central Ranges extending from 34 km to depth of 50 to 60 km.
